Introduction

45
Recent years have witnessed a boom in computational approaches to the reconstruction of 46 literary traditions, fuelled by the adoption of phylogenetic techniques from evolutionarybiology and the development of custom-made software for textual analysis (Howe et al., 48 2001; Roos & Heikkilä, 2009 ). So far, research in this field has focused on the transmission 49 histories of hand-copied manuscripts, where the accumulation of errors and occasional 50 innovations can be modelled as a branching process analogous to the diversification of 51 biological lineages by descent with modification. Recently, it has been argued that a similar 52 approach can shed light on the evolution of oral traditions, such as folktales (Tehrani, 2013) , 53 legends (Stubbersfield & Tehrani, 2013) and myths (d'Huy, 2013) . Although these stories are 54 not literally copied in the way that manuscripts or DNA sequences are, their basic plot 55 elements, motifs, characters and symbols exhibit clear evidence of both fidelity of 56 transmission as well as cumulative change through time. Recent case studies (Tehrani, 2013 ) 57 demonstrate that careful analyses of these features make it possible to reconstruct deep and 58 tradition. Instead, they suggest that, like the Brothers Grimm version, these tales are more 129 likely to be vernacular interpretations of published texts. For example, in an essay that 130 strongly resonates with Bottigheimer's ideas, Hüsing (1989) 
writes that Little Red Riding 131
Hood "represents one of the loveliest French literary tales, perhaps being the most successful 132 fake that we have in the entire genre", which nonetheless lacks the characteristic stylistic 133 features of authentic oral fairy tales (such as incompleteness). Similarly, Berlioz (1991) Red Riding Hood originated in an oral or literary medium, nor did it examine interactions 145 between the two traditions of ATU 333. Below, we outline how these issues were tackled in 146 this study. 147 Next, we constructed a matrix that coded the presence or absence of 58 traits (or, in 179 phylogenetic parlance, "characters") identified in the 23 texts. The traits included features 180 such as the red hood worn by the girl, the character of the wolf, the girl being eaten and so on(the full list of characters and the matrix are provided in Appendix A). The matrix only 182 included traits that occurred in at least two tales, which might give clues about common 183 ancestry. Traits that occurred in just a single text were excluded, since these would not be 184 informative about relationships. 185
Materials
186
The matrix was analysed using several methods of phylogenetic/stemmatic 187 reconstruction, each of which are described in the sections below. We predicted that, if the 188 oral origins hypothesis is correct, then the literary tradition instigated by Perrault Rex. In addition, we present a new method, PhyloDAG, which is based on maximum 267 likelihood analysis and allows generic directed networks or DAGs (directed acyclic graph). 268
We also apply a parametric bootstrap test to compare a number of network hypotheses 269 obtained by the PhyloDAG method. Italian 'Catterinetta' tale, which form a separate group. The "boxiness" of the networksuggests probable lines of contamination within and between these sub-groups. However, the 288 network has the typical problem associated with this method, which is that the middle part of 289 the network is a very complex dense mesh of interconnected points that correspond to various 290 weak conflicting signals in the data. Furthermore, all the most of the extant versions (the 291 labelled points) are at the end of a long edge, suggesting that none of them (except perhaps 292 one root node) are ancestors of the others. This makes is very hard to interpret the result in a 293 way that would be informative for the questions we are presently considering. In particular, 294
we can tell almost nothing from the network about the influence of Perrault and the Brothers 295
Grimm on the oral tradition, or vice versa. 296 
T-Rex Analysis
300
Another technique from phylogenetics that can be used to model reticulation is T-Rex (Boc, 301 Diallo, & Makarenkov, 2012). It starts from a tree structure and by comparing the pairwise 302 distances computed from the data to the distances expected based on the tree, it identifies 303 parts of the tree that fail to accurately match the distances in the data. In case certain groups 304 of taxa are more similar to each other than the tree would lead us to expect, a reticulation 305 edge may be introduced. The underlying tree structure is obtained by Neighbor-Joining 306 (Saitou & Nei, 1987) . The number of reticulation edges can be chosen by the user. We chose 307 to include five of them in an attempt to discover the most significant contamination events. 308
309
The result of the T-Rex analysis is shown in Figure 3 CupplesLeon but not in the Perrault or Grimm tales from which it is certainly derived)) we 332 assume this to be an estimation error (the precise cause of which would require a more 333 detailed deconstruction of the search algorithm that is beyond the scope of the current paper). for phylogenetic trees that is also applicable to networks, hence allowing reticulation edges to 361 be added into a tree. We improve and extend the method by Moulton and Strimmer in two 362 ways. First, we introduce a more efficient technique for approximating the likelihood of 363 phylogenetic network. Second, we propose a simple search procedure that considers 364 additional reticulation edges in a given tree structure and also estimates the edge lengths by a 365 simple sampling technique. As a result, our method which we call PhyloDAG operates in a 366 similar fashion as T-Rex: it takes as input a matrix of character data such as DNA sequences 367 or a set of features, and an initial tree structure, and produces a network where a given 368 number of reticulation edges have been added to the tree, together with its likelihood value. Incontrast to T-Rex, however, PhyloDAG can be used to evaluate tree and network structures 370 where some of the extant taxa are placed at internal nodes so that they represent ancestors of 371 some of the other taxa. For a more detailed description of the PhyloDAG method, see 372 Appendix B. Different network or tree structures can be compared using a statistical test 373 known as the parametric bootstrap, which we will also outline below, see Appendix C. 374
375
We start the PhyloDAG method with a parsimony tree, Fig. 1 , obtained from data 376 matrix in Table II . We then use PhyloDAG to evaluate its likelihood (setting the number of 377 reticulation edges to zero). The parsimony tree yields log-likelihood the value -863.4. Grimm's 1812 tale ancestral to Perrault's 1697 version). It is important to note that these 387 manipulations alone will not, as a rule, yield a higher likelihood score than a normal tree. This 388 is because any such manipulated tree is equivalent to a special case of a tree where the taxon 389 in the internal position is in fact a leaf node but the edge pointing it has length zero. Hence, 390 the likelihood value of the tree where the taxon is a leaf node will never be lower than the 391 likelihood of the tree where it is an internal node when the edge lengths in both models are 392 optimimized so as to maximize the likelihood. The interesting question is whether a 393 hypothesis involving observed ancestral taxa is better when we allow possible contamination, 394
i.e., reticulation edges in addition to the tree. The PhyloDAG method provides a tool for 395 answering this question. 396
We used PhyloDAG to search for reticulation edges that improve the likelihood 398 score. As a starting point for the search, we use different variations of the parsimony tree 399 (Fig. 1) As an indication of how well the models "fit" the data, we report the log-likelihood 407 value of each of the models. For example, the log-likelihood of network c is -862.4, and the 408 log-likelihood of network d is -865.5. Networks b, c and g achieve a higher log-likelihood 409 value than the parsimony tree (-863.4). However, the likelihood values should not be taken to 410 be the final evaluation of the models because of two reasons. First, the likelihood evaluation 411 is approximate due to the random sampling procedure included in the method (see Appendix 412 B). Second, perhaps more importantly, the log-likelihood score tends to favor complex 413 models because they have more adjustable parameters that make it easier to achieve high log-414 likelihood values for most data sets. To provide a statistically sound goodness-of-fit measure, 415 below we propose to use a parametric bootstrap technique. 416
4 Parametric Bootstrap
418
It is important to note that a network hypothesis is typically more complex than a tree 419 hypothesis (it has more parameters), which may lead to so called over-fitting: choosing a too 420 complex hypothesis considering its statistical support. To avoid over-fitting, we applied a 421 parametric bootstrap test to compare the tree hypotheses and the different network 422 hypotheses; for more details, see Appendix C. 423 Table I Grimm's texts. 512
513
We initially tested these hypotheses by analysing 23 oral and literary variants of 514
Little Red Riding Hood/ATU 333 using one the most popular methods in computer-assisted 515 stemmatology -maximum parsimony analysis. While the general structure of the tree 516 returned by this analysis seemed to be more compatible with the oral origins hypothesis than 517 the literary origins hypothesis, this conclusion is mitigated by two problems with interpreting 518 the results: firstly, maximum parsimony does not incorporate reticulation (contamination), 519 which can lead to errors in estimating phylogenetic relationships; secondly, the method does 520 not model lineal (ancestor-descendent) relationships among observed taxa, making it difficult 521 to draw firm conclusions about the role of classic historic texts (i.e. Perrault and Grimm) on 522 contemporary literary and oral variants. Alternative methods for modelling reticulate 523 evolution, such as NeighbourNet and T-Rex, provide a means for addressing the first of these 524 problems but not the second. As such, their usefulness for addressing the question in hand 525 turned out to be limited. We therefore introduced a new approach -PhyloDAG -which 526 handles both lineal and reticulate relationships in a statistically sound way. This enabled us to 527 compare different models for the evolution of Little Red Riding Hood and directly test the 528 oral hypothesis against the literary hypothesis. Our results pointed strongly toward the former, 529
with the best models indicating that Perrault adapted his tale from oral folktales, rather than 530 vice versa. 531
532
Of course, we cannot extrapolate any general conclusions about the origins of fairy 533
tales from a single case study. It is entirely possible -likely, even -that other tales originated 534 in a literary medium before passing into oral tradition, as suggested by Bottigheimer. What 535
we have shown here is that the problem of establishing these facts is far from intractable, and 536 can be solved using principled and powerful computational methods. We anticipate that the 537 application of these methods will generate new insights into the origins and development of 538 
Endnotes
544
1 The SplitsTree4 software is available at www.splitstree.org . 2 We follow the convention to give likelihood values in logarithmic scale, so that probabilities, which are always less than one, become negative numbers. 3 We chose to include all 11 networks in order to give an indication of the range of possible network hypotheses we considered and to quantify the statistical uncertainty by means of the bootstrap test. 
